Land surface phenology has been widely retrieved although no consensus exists on the optimal satellite dataset and the method to extract phenology metrics. This study is the first comprehensive comparison of vegetation variables and methods to retrieve land surface phenology for 1999-2017 time series of Copernicus Global Land products derived from SPOT-VEGETATION and PROBA-V data. We investigated the sensitivity of phenology to (I) the input vegetation variable: normalized difference vegetation index (NDVI), leaf area index (LAI), fraction of absorbed photosynthetically active radiation (FAPAR), and fraction of vegetation cover (FCOVER); (II) the smoothing and gap filling method for deriving seasonal trajectories; and (III) the method to extract phenological metrics: thresholds based on a percentile of the annual amplitude of the vegetation variable, autoregressive moving averages, logistic function fitting, and first derivative methods. We validated the derived satellite phenological metrics (start of the season (SoS) and end of the season (EoS)) using available ground observations of Betula pendula, B. alleghaniensis, Acer rubrum, Fagus grandifolia, and Quercus rubra in Europe (Pan-European PEP725 network) and the USA (National Phenology Network, USA-NPN). The threshold-based method applied to the smoothed and gap-filled LAI V2 time series agreed best with the ground phenology, with root mean square errors of˜10 d and˜25 d for the timing of SoS and EoS respectively. This research is expected to contribute for the operational retrieval of land surface phenology within the Copernicus Global Land Service.
Introduction
Phenology is the study of the timing of recurrent biological and seasonal events and their biotic and abiotic factors (Beaumont et al., 2015) . Studies of plant phenology focus on how these events and factors are influenced by seasonal and interannual variations in climate and how they modulate abundance and diversity (Beaumont et al., 2015) . Phenology is, moreover, key to control physicochemical and biological processes, especially albedo, surface roughness, canopy conductance and fluxes of carbon, water and energy (Peñuelas et al., 2009; Richardson et al., 2013) . Phenological metrics are thus relevant parameters for modeling land surface processes and the global carbon cycle (Wu et al., 2014) .
Phenological metrics are estimated based on ground observations and data derived from satellites. Ground observations provide accurate timing of vegetation phenophases but cannot cover continuously largescale areas (Garrity et al., 2011; Yu et al., 2017) . Satellite sensors with moderate spatial resolutions, including AVHRR, MODIS, MERIS, SPOT-VEGETATION and PROBA-V, provide long-term time series of daily observations that allow improving the characterization of land surface phenology on a global scale (Verger et al., 2016; Atkinson et al., 2012; Zhang et al., 2004) . However, the noise in the data and missing observations mainly due to cloud contamination may induce significant uncertainties in the estimation of phenological metrics Verger et al., 2013) . The literature shows a broad variety of time-series processing methods designed to reconstruct gap-filled vegetation seasonal trajectories from noisy satellites signals. This includes the best index slope method (Viovy et al., 1992) , mean filters (Reed et al., 1994) , moving-window filters (Sweets et al. 1999) , asymmetric Gaussian functions (Jönsson and Eklundh, 2002) , Savitzky-Golay filters (Chen et al., 2004) or the Whittaker smoother (Eilers, 2003) . However, no single method always performs better than others for smoothing vegetation time series (Cai et al., 2017) and their performance vary spatially and temporally with land surface conditions and cloud influence (Atkinson et al., 2012; Kandasamy and Fernandes, 2015) .
A broad variety of statistical methods have been designed to extract phenological metrics from satellite time series. Metrics typically include the start of the season (SoS), the end of the season (EoS), the timing of maximum growth and the length of the growing season (LoS) (Reed et al., 1994; Zhang et al., 2004) . de Beurs and Henebry (2010) provided a comprehensive review of the exiting phenology retrieval approaches that can be classified in four main categories: thresholds and percentile based methods (Atzberger and Eilers, 2011; Verger et al., 2016) , moving averages (Reed et al., 1994) , first derivatives (White et al., 2009 ) and fitted models (de Beurs and Henebry, 2005) . White et al. (2009) compared ten different phenology retrieval methods applied to AVHRR NDVI in North America and found large discrepancies of up to two months in the detection of the SoS.
In addition to the sensitivity to the smoothing and phenological extraction algorithm, the derived phenological metrics are also dependent on the sensor, spatial and temporal resolution, processing chain, and satellite data set. The satellite-derived spectral vegetation indices (e.g. the Normalized Difference Vegetation Index (NDVI)) vary in their strength of phenological prediction across sites and plant functional types (Wu et al., 2014) . Unlike previous studies based on vegetation indices, the present study aimed to characterize the phenology not only with NDVI but also with biophysical variables: the leaf area index (LAI), the fraction of absorbed photosynthetically active radiation (FAPAR), the fraction of vegetation cover (FCOVER). We used NDVI version V2.1 (Toté et al., 2017) , LAI, FAPAR and FCOVER V1 and V2 (Verger et al., 2014) time series derived within the Copernicus Global Land Service (CGLS) from SPOT-VEGE-TATION and PROBA-V data. Verger et al. (2017) showed that the phenology derived from the interannual climatology of LAI V1 improved other existing products including MODIS-EVI when compared to ground observations for the average date of the SoS and EoS. However, their study was limited to the baseline LAI phenology as derived from a single extraction method. This paper is a continuation of the previous paper by Verger et al. (2017) and we address now the interannual variation of the yearly phenology, the impact of the input vegetation variable and the phenological extraction method. Further, we incorporate LAI, FAPAR and FCOVER V2 that improved continuity (no missing data in V2) and smoothness as compared to V1.
Our study had two main objectives: to select the best biophysical variable or vegetation index for estimating phenological metrics on a global scale within the portfolio of the CGLS vegetation products (NDVI, LAI, FCOVER or FAPAR) and to define the method that best matched the ground data.
Materials and methods

Phenological ground observations
Ground-based phenological data from PEP725 and USA-NPN were examined, focusing on the dates of leaf out and leaf senescence for Betula (birch) in Europe ( Fig. 1a ) and the USA and for Quercus (oak), Fagus (beech) and Acer (maple) in the USA (Fig. 1b) . These genera were chosen because they are present in both Europe and the USA and have large numbers of records in the combined data set.
The PEP725 Pan-European Phenology database (Templ et al., 2018) (www.pep725 .eu) has complete records from 1990 to the present. The phenophases defined in PEP725 are based on BBCH (Biologische Bundesanstalt, Bundessortenamt and Chemical industry) code (Meier et al., 2009) . We used the phenophases corresponding to the first visible leaves (BBCH 11) as the reference for the timing of SoS and the date corresponding to 50% of leaves with autumn coloration (BBCH 94) for the timing of EoS.
The USA National Phenology Network was established in 2007 to collect, store and share historical and contemporary phenological data on a North American scale (Schwartz et al., 2012) . The data are freely available at https://www.usanpn.org/. This network provides measurements of several phenophases. We used the phenophases "leaves" which corresponds to first visible leaves and "increasing leaf size" for SoS and "colored leaves" for EoS.
We discarded ground sites with less than four yearly measurements to obtain consistent data records over the time series. We used groundsite located pixels. The spatial heterogeneity hamper comparing ground-based phenology for individual plants with satellite phenology at a resolution of 1 km. We filtered the ground sites located in agricultural or urban areas using high-resolution images from Google Earth (https://earth.google.com/) and the ESA Land Cover Map (CCI-LC) (http://maps.elie.ucl.ac.be/CCI/viewer/index.php). In Europe, we used only the points with forest coverages > 5% using a tree cover map for European forests (Brus et al., 2012) .
Satellite time series
The time series of satellite imagery used for estimating the phenological metrics were from the SPOT-VEGETATION (1999 and PROBA-V satellites (2014 PROBA-V satellites ( -2017 with spatial resolutions of 1 km and temporal frequencies of 10 d. In particular, we used LAI, FAPAR, FCOVER V1 and V2 (Verger et al., 2014) and NDVI V2.1 (Toté et al., 2017) products generated within the CGLS (https:// land.copernicus.eu/global/themes/vegetation) (Table1).
Time series of LAI, FAPAR and FCOVER V1 and NDVI V2.1 contained frequent disturbances caused by residual cloud contamination, atmospheric variability, snow and bi-directional effects (Fig. 2) . These time series required the application of smoothing and gap filling techniques to generate consistent and gap filled seasonal trajectories (section 2.3) before the extraction of phenological metrics. The LAI and FCOVER V2 products improved over the V1 products in terms of temporal consistency and continuity (Fig. 2) . The V2 algorithm included multi-step data filtering, smoothing and gap-filling techniques that rendered the products suitable for phenological estimation without additional pre-processing. Filtering of outliers is based on an upper envelope approach, the pixel climatology (interannual mean) is used to fill missing data and a Savitzky-Golay filter is used for the smoothing (Verger et al., 2014) .
Smoothing methods
We tested several smoothing methods for reducing noise and reconstructing gap filled seasonal trajectories from CGLS time series (Eerens and Haesen, 2015) :
• WHITTAKER smoother (Atzberger and Eilers, 2011) : It minimizes a cost function describing the balance between fidelity (quadratic difference between estimates and actual observations) and roughness (quadratic difference between successive estimates).
• BISE (Best Index Slope Extraction) (Viovy et al., 1992) : It retains the good observations in a local window and replaces missing or eliminated suspect values by linear interpolation.
• MEAN: A linear interpolation is first applied to fill missing data. A running mean filter with a sliding window of 50 d length is then applied.
• SWETS method (Swets et al., 1999) : A linear interpolation is first applied to fill missing data. A weighted linear regression over a local window is then applied.
Methods for extracting phenological metrics
We tested four state of the art methods to extract phenological metrics from CGLS time series ( Fig. 3 ):
• Thresholds based on a pixel percentile value: SoS is defined as the day of the year (DoY) when a vegetation variable exceeds a particular threshold. EoS is defined as the DoY when an index remains below a particular threshold. We established dynamic thresholds per pixel based on a percentile of the annual amplitude of the vegetation variable (Verger et al., 2016) . The selected percentiles were determined based on the comparison with available ground measurements. We tested the 20th, 30th, 40th and 50th percentiles of the annual amplitude for SoS, and the 30th, 40th, 50th and 60th percentiles for EoS. This method is also the basis of SPIRITS phenological approach.
• Autoregressive moving average: A moving average is first computed at a randomly chosen time lag (Ivits et al., 2009 ). We tested time lags from 50 to 150 d and selected a time lag of 100 d based on the comparison with ground measurements. SoS and EoS are then defined as the DOY when the moving average curves cross the original curve of the vegetation variable.
• First derivative: SoS is defined as the DoY of the maximum increase (maximum first derivative) in the curve (Tateishi and Ebata, 2004) . EoS is defined as the DoY of the maximum decrease in the curve. • Logistic function: SoS is defined as the DoY of the first local maximum rate of change in the curvature of a logistic function fitted to the time series (Zhang et al., 2003) . EoS is defined as the DoY of the first local minimum rate of change in the curvature.
Methodological approach
The several satellite-derived vegetation variables, smoothing methods and phenological extraction approaches lead to a large Fig. 3 . Schematic representation of SoS (on the left of the peak) and EoS (on the right of the peak) retrieved with the four methods for the PEP725 site 4959 (50°42′20.49″N, 13°46′59.55″E) for 2011. The black circles correspond to the original LAI data at a 10-d frequency, and the green line corresponds to the data interpolated at daily steps, which is used for phenological estimation.
Table 2
Statistics of comparisons between the derived phenology metrics from reconstructed LAI V1 time series using the different smoothing methods and PEP725 ground measurements (Betula pendula) for the SoS and EoS. The SPIRITS percentile method was used to extract the phenology using 30% of LAI amplitude for the SoS and 40% for the EoS. * Significant correlations with p < 0.05 (**p < 0.001). number of combinations. We sequentially investigated the impact of smoothing, variable and extraction method based on an initial set of modalities. The initial modalities were defined a posteriori based on the analysis of all the combinations:
1 Sensitivity analysis of the smoothing method: We used LAI V1 as input dataset and the percentile phenology method. 2 Sensitivity analysis of the vegetation variable: We used the SWETS smoothing method and the percentile phenology method. 3 Sensitivity analysis of the method to extract phenological metrics:
We used the LAI V2. Note that in this case the application of a smoothing method is not required because LAI V2 is already smoothed and gap-filled.
The analysis 1 and 2 were carried out in Europe and for the validation we used ground measurements of Betula Pendula, which showed a greater latitudinal distribution. The analysis 3 was performed at the global scale. For the sensitivity analysis 1 and 2, we used the Software for the Processing and Interpretation of Remotely Sensed Image Time Series (SPIRITS) (Eerens et al., 2014; Eerens and Haesen, 2015) . For the sensitivity analysis 3, we used Google Earth Engine (GEE) (https://earthengine.google.org) which allowed implementing dedicated algorithms while only the threshold method is available in SPIRITS. The input 10 d time series were linearly interpolated at daily steps before phenological retrieval. For SPIRITS, the precision of phenological estimates is limited by the frequency of the input time series (10 d in our case) (non interpolation). For pixels with multiple growing seasons, we computed the phenological metrics for the growing season having the highest LAI amplitude. The agreement between metric estimates from satellite imagery and 
where n is the number of samples
Results
Sensitivity analysis of the smoothing method
The SWETS method performed the best for the reconstruction of seasonal trajectories and the estimation of phenological metrics:16 d in terms of RMSE and 1 d in terms of bias for the timing of SoS, and 34 d (RMSE) and 12 d (bias) for the timing of EoS (Table 2) .
Sensitivity analysis of the vegetation variable
The best agreement with ground measurements for the timing of SoS was found for the 30% threshold of LAI amplitude, 40% of FCOVER, 50% of FAPAR and 50% of NDVI. The best metric definitions for the EOS were based on 40% of LAI and FCOVER amplitudes and 50% for FAPAR and NDVI. Phenological metrics derived from V2 time series improved over V1 for all variables (compare V1 and V2 statistics in Table 3 ).
The best performances for SoS were obtained using the LAI and FCOVER V2 time series (Fig. 4a) , with RMSEs of˜12 and 14 d, respectively (Table 3 ). In contrast, RMSEs were˜21 and 23 d for NDVI V2.1 and FAPAR V2, respectively (Table 3) , and contained many outliers (Fig. 4a ). SoS was slightly underestimated for all cases, except when using LAI (Fig. 4a ). EoS had a higher RMSE (25-48 d) and a lower R (< 0.3) ( Table 3 ). The estimates of EoS from the LAI and FCOVER V2 time series also agreed best with ground data although no significant correlations were found (Table 3 , Fig. 4b ).
Sensitivity analysis of the method to extract phenological metrics
The 30th percentile and SPIRITS applied to LAI V2 provided the best performances among the different analyzed methods when compared both with USA-NPN and Europe-PEP725 measurements of the SoS (Fig. 5, Table 4 ). The results for the 30th percentile and SPIRITS were similar because both methods use the same definition of SoS based on the 30% threshold of annual amplitude but the 30th percentile method slightly improved SPIRITS in terms of precision (c.f. Fig. 6a-b , Fig. 7a-b ) and accuracy (RMSE of 9 vs 14 d for USA-NPN "leaves", 9 vs 10 d for USA-NPN "increasing leaf size" and 11 vs 12 d for PEP725 "first visible leaves" ( Table 4) ) because of the daily interpolation applied to the input 10 d data. The logistic function also performed well (RMSE from 13 to 18 d) but provided slightly advanced SoS as compared to ground measurements (bias from -5 to -9 d). The derivative method provided showed higher RMSE (up to 28 d) and positive bias (up to 19 d). The moving-average method performance the worst (RMSE from 30 to 59 d) and systematically advanced the timing of SoS as compared to ground measurements (bias from -24 to -51d).
The different methods provided poorer performances for the EoS (Table 4, Fig. 8 ). The best agreement with ground measurements was Table 4. found for the 40th percentile method (RMSE of 25 d for USA-NPN and 28 d for PEP725 "colored leaves" measurements). The logistic function provided similar performances in terms of RMSE but slightly overestimated ground measurements (bias from 12 to 22 d). The derivative method showed higher scattering (RMSE from 40 to 65 d) and lower correlation than other methods (Table 4 , Figs. 9 and 10) . The moving average retrievals showed a positive delay as compared to ground data (bias of 38 d for PEP725 and 50 d for USA-NPN). Table 4 . Fig. 8 . Boxplots of the bias error for the EoS estimated from LAI V2 minus the ground measurements at the USA-NPN (a) and PEP725 (b) sites. An elongated boxplot indicates a greater dispersion of the average bias in each method. Fig. 9 . Scatterplots between the EoS predicted from LAI V2 by the percentile (a), SPIRITS (b), logistic function (c), derivative (d) and moving average (e) methods and ground phenology (USA-NPN "colored leaves") for Acer rubrum (diamond), Betula alleghaniensis (circle), Fagus grandifolia (triangle) and Quercus rubra (square). Values are given in DoY. Statistics of the comparison are indicated in Table 4 . Fig. 10 . Scatterplots between the EoS predicted from LAI V2 by the percentile (a), SPIRITS (b), logistic function (c), derivative (d) and moving average (e) methods and ground phenology (PEP725 "colored leaves"). Triangles for heterogeneous sites (forest cover < 50%) and circles for homogeneous sites (forest cover > 50%). Values are given in DoY. Statistics of the comparison are indicated in Table 4 . at the global scale by using the percentile method (30th and 40th percentiles for SoS and EoS, respectively) and time series of V2 LAI (1999) (2000) (2001) (2002) (2003) (2004) (2005) (2006) (2007) (2008) (2009) (2010) (2011) (2012) (2013) (2014) (2015) (2016) (2017) . The LoS is estimated as the length of time between the SoS and the EoS. The derived maps show consistent spatial patterns of the seasonality of vegetation at the global scale which is driven by the distribution of latitudinal climatic patterns, type of vegetation and topographic elements, among other factors (Verger et al., 2015; Zhang et al., 2004) . The timing of SoS (Fig. 11a) and EoS (Fig. 11b ) reflected a broad variation in the range of values and their spatial pattern at the middle and high latitudes of the Northern Hemisphere strongly depend on the thermal and photoperiod latitudinal gradient (Verger et al., 2016) .
Spatial patterns of land surface phenology
The LoS (Fig. 11c) in some ecoclimatic and biogeographic regions of transition such as Sahel shows a broad range of variation from 10 to 200 d following the positive north-south gradient of rainfall (Verger et al., 2016) . On the contrary, in northern latitudes > 50°the LoS showed a limited range of variation from 10 to 60 d with shorter days at higher latitudes following the latitudinal gradient of temperature and radiation (Verger et al., 2016) .
Discussion and conclusion
Land surface phenology (LSP) provides a synoptic view of vegetation dynamics and it can substantially improve our macroecological knowledge and the representation of phenology in earth-system models. Unlike previous studies limited to NDVI, we used three additional biophysical variables: LAI, FAPAR and FCOVER generated within CGLS from SPOT-VEGETATION (1999 and PROBA-V (2014 PROBA-V ( -2017 satellite imagery. We found that the phenology derived from LAI (or FCOVER) was more closely related to actual ground observation than the NDVI-derived phenology (Table 3) . LAI-phenology is based on leaf development rather than on proxies provided by vegetation indices which are not driven solely by the amount of leaves but also by the canopy structure and the leaf biochemical properties . LAI is more sensitive than vegetation indices such as NDVI to larger amounts of vegetation (Myneni and Williams, 1994) . In addition, NDVI V2.1 is affected by variations in solar zenith and viewing angles and surface reflectance bidirectional effects (Tote et al., 2017) .
In addition to the vegetation variable, the derived phenology was found to be highly sensitive to the retrieval algorithm and processing chain. We found that the retrieved phenology performed the best using LAI V2 (Table 3) due to the improved continuity (no missing data in V2) and smoothness as compared to V1. In V1 products and in NDVI timeseries, the noise primarily due to cloud contamination and atmospheric effects is an important shortcoming in the study of land surface phenology. To overcome this limitation, smoothing methods were applied in SPIRITS approach as a pre-processing step to phenological retrieval. The choice of the smoothing method introduced differences of up to 50% in the performance of the phenology derived from LAI V1 (Table 2) . These conclusions agree with previous literature studies highlighting the importance of the temporal reconstruction methods Verger et al., 2013) . However, the phenology derived from original LAI V2 (smoothing and gap filling was already included in the retrieval algorithm) outperforms the phenology derived from the seasonal trajectories derived after smoothing LAI V1 (Table 3) .
We tested four state of the art methods to extract phenological metrics: thresholds, logistic function, derivative and moving average. Each method has its own strengths and limitations (de Beurs and Henebry, 2010) . The threshold approach based on a percentage of the annual amplitude is simple and robust but it is sensitive to the minimum and maximum values that may be affected by noise in the signal. The logistic function approach has been widely used (e.g. Zhang et al., 2003) but it is limited to the performance of the model fitting (Beck et al., 2006) and it may fail when the curvature function is too flat to determine the phenophases (de Beurs and Henebry, 2010). The derivative approach based on the maximum increase and decrease of the vegetation variable is very sensitive to the noise in the signal and the temporal smoothing and composition approach and it cannot represent short growing seasons well, especially when the increase and decrease in the annual time series occur rapidly and abruptly (Beck et al., 2006) . The moving average approach is based on the assumption that vegetation growth follows a well-defined temporal profile and it may fail in cases of disturbances and abrupt changes. Further, the selection of the time lag is arbitrary.
We found that the choice of the extraction method introduced differences > 150% and > 85% in the performance of the SoS and EoS, respectively, derived from LAI V2 when compared to ground observations (PEP725 and USA-NPN) ( Table 4 ). The percentile method agreed the best with ground measurements. The validation over ground observations indicated that the 30% threshold of the LAI amplitude was optimal for detecting SoS but that a 40% threshold was more suitable for detecting EoS in agreement with Verger et al. (2016) . The accuracy for SoS using ground observations produced overall RMSEs of 9 and 11 d for the date of increasing leaf size and leaf unfolding, respectively, for the forests in Europe and the USA. The biases were < 2 d (˜10 d of standard deviation). We found poorer performances for EoS, than SoS, with higher RMSE of 25 d (28 d) and a bias of 8 d (-6 d) in USA (Europe). The lower performances for the EoS as compared to the SoS is associated to higher uncertainties of both satellite (atmospheric effects, snow and poor illumination conditions) (Delbart et al., 2005) and ground (the timing of leaf colouring is more subjective and difficult to identify than spring phenophases like leaf unfolding) (Estrella and Menzel, 2006 ) phenology for autumn. Richardson et al. (2009) also reported higher variabilities across the canopy of the timing and rate of foliar development in autumn than spring.
The validation of land surface phenology with ground observations presented some difficulties, such as the spatial distribution and the spatial representability of the data. The ground measurements represent the phenology for a limited number of individual plants that are not necessarily the most representative species of the 1-km satellite pixels. Conversely, satellite phenology at 1-km resolution represented an integrated response across landscapes with diverse species and phenological behaviors. The phenology of each species and their characteristics (sizes, ages, homogeneity), though, influenced the satellite signal, depending on its abundance within the pixel sampling area and on the timing of their phenophases (Delbart et al., 2015) . Statistics of the comparison between LAI V2 derived EoS using the percentile method and ground measurements improved significantly when the analysis is restricted to Acer rubrum in USA-NPN (RMSE of 10 d, bias of -6 d and significant correlation (p < 0.001) of 0.8 (c.f. Table 4 )) and to homogeneous sites (forest cover > 50% based on GEE high resolution imagery) in PEP725 (RMSE of 22 d, bias of 6 d and significant correlation (p < 0.05) of 0.4 (c.f. Table 4) ).
The differences in the definition of the ground phenophases and satellite metrics hamper the comparison. The logistic function and, specially, the moving-average approaches systematically advanced the SoS as compared to ground measurements since these methods determine the SoS as the timing when the vegetation variable starts to increase (Table 4) . On the contrary, the derivative approach based on the most rapid increase of the signal introduces positive delays in the SoS. The opposite trend is observed for the EoS (Table 4) : the logistic function and moving-average show a delay in the detection of the EoS while the derivatives advances the timing of EoS. On the other hand, ground measurements are subjective and some ambiguity exists in the definition of phenophases. In this sense, we found positive bias of 2 d for the SoS retrieved with the 30th percentile of LAI amplitude when comparing with USA-NPN "leaves" phenophase but negative bias of -2 d when comparing to "increasing leaf size". Further studies will focus on the comparison of the retrieved land surface phenology with continuous ground observations from PhenoCam (Zhang et al., 2018) . This should ultimately lead to propose a standardization in the definition of phenological metrics.
This research is expected to contribute for the development of a dedicated algorithm for the operational retrieval of land surface phenology within CGLS. Validation using ground observations was limited to deciduous broadleaf forests. Further studies should extend the analysis to other vegetation types. The methods may need to be adapted to handle multiple and irregularly occurring vegetation growing cycles. Finally, forecasting approaches need to be developed for near-real time land surface phenology retrieval.
